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Abstract: Groundwater potential delineation in the Akka basin, southwest Morocco, has been
determined through the combination of geospatial techniques and geological data. The geometric
average and expected value are two multi-criteria approaches used to integrate a set of factors–data
for which the weights of each factor are assigned using the fuzzy logic function, which transforms
values of factors influencing groundwater presence in a range of [0, 1]. The efficiency factors used in
this study are the lineament density, node density, drainage density, distance from rivers, distance
from lineament, permeability, slope, topographic witness index, plan curvature, and profile curvature.
Thereafter, the groundwater potential map was generated in a GIS environment. To assess and
compare the efficiency of the two models, the well data existing in the basin were used to choose the
most efficient model. For that reason, the prediction area (P–A) graph, the normalized density (Nd ),
and its weight (We ) were applied to estimate the capacity of each model to predict the target area.
The analysis shows that the expected value model (Nd = 1.86 and We = 0.62) is more efficient than
the geometric average model (Nd = 0.96 and We = −0.04). The results of the expected value model
can be used in the future planning and management of water resources in the Akka basin.

De Pascale and Leonardo Mercatanti
Received: 12 June 2022
Accepted: 9 August 2022

Keywords: fuzzy logic; groundwater potential map; expected value; geometric average; prediction
area; normalized density; weight

Published: 17 August 2022
Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in

1. Introduction

published maps and institutional affil-

Groundwater is the most valuable natural resource in the world [1,2]. However, these
resources have become increasingly scarce in recent years due to increasing population
and economic activity, decreasing precipitation, increasing frequency of drought, and
rising demand for water supplies [3–6]. Seif-Ennasr et al. [7] showed that in Morocco,
temperatures will increase by 2 ◦ C between 2030 and 2049 and 4◦ C between 2090 and 2100
under the model scenario (RCP8.5) relative to the reference scenario (1986–2005). However,
precipitation will also decrease, especially in high-altitude areas, and the extreme change
under RCP8.5 will result in 53% precipitation by the end of the 21st century. These changes
are expected to have several impacts, especially on agricultural demand, dam storage,
and renewable groundwater. Consequently, the water balance will be in disequilibrium.
In Europe, climate change tends to increase the magnitude and frequency of extreme
precipitation events, which generally leads to severe flooding [8].
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In arid and semi-arid environments, characterized by the scarcity of surface water, the main source of drinking water, agricultural and industrial activities, depends
mainly on groundwater resources [9]. Morocco is a perfect example since it is characterized by a spatiotemporal irregularity of rainfall that generally faces very high
temperatures, especially during the summer, mainly in its southern and eastern regions [10]. Water scarcity isa serious challenge and affects the country’s sustainable
development. Ensuring an uninterrupted water supply for sustainable socio-economic
development is a constant concern for water resource managers in the country [5].
For these reasons, it is necessary to delineate new groundwater potential areas for
managing, protecting, and valorizing this precious resource. Several studies showed
that mapping groundwater potential is a very efficient way to explore and predict the
potential of these resources [4,11,12].
Groundwater potential areas in arid and semi-arid regions are mainly controlled
by understanding various geo-environmental factors such as the hydrology, geologic
structures, topography, geology, and climate [13,14]. For that, geospatial tools were
widely used in the geoscientific field to determine and prepare these factors, such as
lineament density, node density, drainage density, distance from rivers, distance from
lineament, permeability, slope, topographic witness index, plan curvature and profile
curvature [15–19]. These factors were evaluated by applying the fuzzy logic function
for the geospatial data weighting in a logistic space using a logistic function [20]. This
function allows the transformation of data values in the range of [0, 1] to generate
target areas [21–23].
Several methods have been used to identify groundwater potential areas, such
as logistic regression [24], random forests [25], frequency ratio [11,16,26], evidential
belief function [27], genetic algorithm [17], certainty factor [11], and analytic hierarchy
process (AHP) [12,28,29]. This paper suggests two new methods (geometric average
and expected value) for mapping groundwater potential areas in the Akka basin. The
results generated will be compared to select the best model to support multi-criteria
decision-making. This comparison will be made using the prediction-area graph (P–
A) [21,22] and the normalized density and its weight [30] to estimate the prediction
capacity of each model. All data will be integrated into the geographic informatics
system (GIS), which manages and treats geospatial data [11,15,25,31–33].
2. Materials and Methods
2.1. Study Area
The Akka basin is located in the Lower Drâa basin (southeast of Morocco) (Figure 1).
It is situated between latitude 270,000 and 350,000 and longitude 180,000 and 230,000
encompassing an area of 2066.76 km2 . The altitude varies from 549 to 2104 m. The
prevailing climate is arid, characterized by heat in summer and cold in winter with an
average temperature of 23◦ C and average annual precipitation of about 95.72 mm. The
“Bani chain” dominating the landscape of this region is dug perpendicular to its direction
by the tributaries of Drâa River, giving rise to a more or less broad water gap called “Foum”
according to local nomenclature.
Akka alluvial aquifer consists of alluvial deposits provided by flood waters from the
watershed, draining the entire upstream part of the basin. The waters infiltrated the upper
(Cambrian) and lower (late Ediacaran) limestone and fed directly into the valley. As a
result, the plains collect all surface water or water flowing through fractures and fissures of
older massifs. Consequently, the basin has no significant groundwater potential. However,
pockets of water extend along the Akka River and constitute the only water resource that
the population exploits. These water reserves represent a high vulnerability to drought.
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Figure 2. Geological map of the Akka basin.
Figure 2. Geological map of the Akka basin.
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groundwater prospection, such the lineament density (LD), node density (ND), drainage
density (DD), distance from rivers (DFR), distance from lineament (DFL), permeability
density (DD), distance from rivers (DFR), distance from lineament (DFL), permeability
(P), slope (S), topographic witness index (TWI), plan curvature (PL), and profile curvature
(P), slope (S), topographic witness index (TWI), plan curvature (PL), and profile curvature
(PR) [11,15–17,24,32,33,44,45]. This spatial dataset is generated and collected from differ(PR) [11,15–17,24,32,33,44,45]. This spatial dataset is generated and collected from different
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downloaded from USGS (http://earthexplorer.usgs.gov/, accessed on 14 December 2020).
Likewise, the drainage density and the distance from rivers were generated from the
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2.3. Fuzzy Logic Function
more discriminatory values and solve classification issues [53,54], which will facilitate the
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transformed into a new data space [52]. This method can be used to provide a set of
more discriminatory values and solve classification issues [53,54], which will facilitate
the interpretation of the model. Yousefi and Carranza [22] recommended the fuzzy logic
function to improve the discrimination of different classes for mining exploration. We will
use the same models to map potential Akka basin groundwater zones.
Fuzzy logic is the process that consists of converting raw data space values into a
logistic space in the range [0, 1]. The fuzzy logic function was applied to convert the value
of the factor used in this study [21]:
FX =

1
1 + e−s(X−i)

(1)
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where FX and X are the fuzzy scores and the raw value of each pixel of the transformed
input factor in the range [0, 1], and i and s are the inflection point and slope of the logistic
function. These parameters are defined according to the following equations [55]:
FX =

1
1 + e−s(X−i)

(2)

max(X) + min(X)
(3)
2
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2.4. Factors Influencing Groundwater
2.4.1. Lineament Density
The availability of water resources depends on the degree of fracturing of the formations. The more fracturing is operating, the more infiltration of water occurs [56]. The
density of lineaments is highest in the northeast, southeast, and central part of the basin,
covering 21.76% of the total area (Figure 4a). More than 22.23% of the basin is character-
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2.4. Factors Influencing Groundwater
2.4.1. Lineament Density
The availability of water resources depends on the degree of fracturing of the formations. The more fracturing is operating, the more infiltration of water occurs [56]. The
density of lineaments is highest in the northeast, southeast, and central part of the basin,
covering 21.76% of the total area (Figure 4a). More than 22.23% of the basin is characterized by a medium density, while 56.01% represents a low density of lineaments located
downstream part of the basin.
2.4.2. Node Density
The area of high node density influences the process of groundwater recharge. For
this reason, this class was given a higher weight. The node density map shows that the
maximum values are identified in the central and northern part of the basin, with more
than 7.64% of the study area. On the other hand, 56.28% of the surface area in the basin’s
south part is characterized by a minimum density (Figure 4b).
2.4.3. Drainage Density
The drainage system and its density are a significant indication of the hydrogeological
characteristics of an area [18]. It depends on lithology, relief, climate, vegetation intensity,
penetration efficiency, roughness, and drainage intensity index [57]. Drainage density seems
to be an inverse function of permeability [11]. An area showing high drainage density
is often characterized by impermeable formation, steep slope, and high runoff [58,59].
Approximately 31.2% of the basin is occupied by high drainage density and is located in
the downstream and northern parts of the basin. These areas are characterized by low
infiltration rates (Figure 4c). Therefore, the lowest weight is assigned to this area, and the
highest is assigned to a place of low drainage density, representing 46.65% of the study
area, where runoff is reduced and the infiltration is the maximum.
2.4.4. Distance from Rivers
The distance from drainage also plays an essential role in groundwater potentiality [16].
The areas closest to the rivers are excellent sources of water infiltration. On the other hand, if
the distance to the rivers is very high, then the groundwater potential is low. For this reason,
the areas of lower distance, less than 500 m covering an area of 32.06%, are given the highest
weight, while the areas further away from the rivers are given a lower weight (Figure 4d).
2.4.5. Distance from Lineament
The distance from lineaments influences the availability of water, i.e., the smaller the
distance, the greater the infiltration. The highest weight was attributed to areas located in
the central and northern parts of the basin. A total of 41.49% of the study area is located at
a distance of less than 500 m (Figure 4e).
2.4.6. Permeability
The factors related to the geological behaviour of lithological formations impact the
two essential parameters in the availability of water, i.e., the porosity and permeability of
aquifers [60,61]. The surface runoff is generally higher in compact formations and very
low in loose and porous rocks, where infiltration of runoff water is more important in
facilitating groundwater recharge [15]. The Akka basin can be divided into two basic
units according to the nature of the dominant rocks (Figure 4f). Most of the study area is
covered by formations of medium permeability, constituted by limestones and shales, while
geological formations of high permeability cover 16.80% of the basin. These formations are
formed by Quaternary alluviums, thus allowing the infiltration of water, which is located
along the Akka wadi. The highest weight was assigned to this class. Low permeability
formations, representing only 4.49% of the basin, are located downstream and north of the
basin. They were given the lowest weight due to their impermeable nature.
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2.4.7. Slope
Slope promotes infiltration and surface water flow accumulation, leading to the improvement of the groundwater recharge process [2], more slope increases, and more infiltration decreases [62]. Consequently, areas with steep slopes are considered unsuitable
for groundwater recharge. The steepest slope was located in the central and northern part
of the basin, covering 20.28% of the study area, which corresponds to areas of very high
runoff (Figure 4g). On the other hand, approximately 21.81% of the basin is occupied by
medium slopes and considered areas with moderate recharge potential. About 57.91% of
the area is covered by a low slope, representing flat areas. This area will be more suitable
for holding water and will have an increased probability of groundwater presence.
2.4.8. Topographic Witness Index (TWI)
The TWI influences infiltration and runoff flow accumulation [63]. Furthermore, the
TWI is used to identify the groundwater potential by studying spatial change in the soil
humidity [64]. The higher the value of TWI, the lower the slope, which promotes a high
potential for groundwater accumulation [65]. It is computed as follows [64]:
TWI = ln (

As
)
tan β

(4)

where As is the flow accumulation and β is the slope gradient.
Higher values of TWI are located in the plains and along the rivers, while the lowest
is recorded in central and northwestern parts of the basin. The low TWI value corresponds
to steep slopes and shows a high surface runoff rate (Figure 4h).
2.4.9. Plan Curvature and Profile Curvature
The plan curvature and profile curvature directly influence the groundwater recharge.
The plan curvature is related to the convergence and divergence of the flow that indicates
the flow direction and profile curvature, which specifies the speed at which the slope
changes in the maximum slope direction [31]. Based on these two factors, the study area
was divided into three classes (Figure 4i,j). The areas with high value are considered as an
area of high potential for water recharge. It is located in the southwestern, northern, and
central parts of the basin. The low-value areas are considered less favourable for recharge.
2.5. Integration of Transformed Factors
The combination of transformed factors with the fuzzy logic function was carried out
using two different models for comparative analysis, namely the (1) geometric average and
(2) expected value models. This comparative analysis allows the determination of the efficiency
of using a model to facilitate decision-making to target promising groundwater areas.
2.5.1. Geometric Average Model
The geometric average function is a technique that allows combining several weighted factors
to make a decision [66]. It is the statistically correct average when calculating a single average
from several heterogeneous sources [23,66]. The geometric average is only applied to values
transformed into a positive range using a logistic function before integration [66]. According to
Equation (5), the geometric average, GA GP, can be calculated as follows:

GA GP

FLD , FND , FDD , FDFR , FDFL ,
FP , FS , FTWI , FPL , FPR

10



=

∏ Fi

!1/10

=

p

10

FLD FND FDD FDFR FDFL FP FS FTWI FPL FPR

(5)

i=1

where GA GP is the geometric average of groundwater potentiality, FLD , FND , FDD , FDFR ,
FDFL , FP , FS , FTWI , FPL , and FPR are fuzzy scores of transformed values of the lineament
density, the node density, the drainage density, the distance from rivers, the distance
from lineament, the permeability, the slope, the TWI, the plan curvature, and the profile
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curvature computed using the Equation (1). The final groundwater potential map obtained
using the geometric average model (GA GP ) is illustrated in Figure 5a.
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2.5.2. Expected Value Model
The expected value is a weighted average multi-criteria decision-making function [67,68],
widely used to integrate the data of several factors in a single evaluation model [69,70], for
instance, in the mapping of the susceptibility to geohazards [70] or in well exploitation [71].
In addition, it is a function used to make an optimal choice in the context of incomplete
information [21]. The expected value deals with uncertainties and probabilities [72,73] because
each value of factors used is multiplied by the weight assigned to it and then divided by the
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sum of fuzzy scores [74]. Consequently, the expected value is defined as [21]:
Ep GP =

FLD ILD + FND IND + FDD IDD + FDFR IDFR + FDFL IDFL + FP IP + FS IS + FTWI ITWI + FPL IPL + FPR IPR
FLD + FND + FDD + FDFR + FDFL + FP + FS + FTWI + FPL + FPR

(6)

where EP GP is the expected value of groundwater potentiality, ILD is the lineament density
value, IND is the node density value, IDD is the drainage density value, IDFR is the distance
from rivers value, IDFL is the distance from lineament value, IP is the permeability value,
IS is the slope value, ITWI is the TWI value, TPL is the plan curvature and IPR is the profile
curvature value and FLD , FND , FDD , FDFR , FDFL , FP , FS , FTWI , FPL , FPR are corresponding
fuzzy scores computed using Equation (1).
After
calculating
EpGP values in the Akka basin, areas of hydrogeological 12interest
can
Sustainability
2022, 14,
x FOR PEER REVIEW
of 19
be identified and mapped for further exploration (Figure 6).

Figure 6. (a) Expected value map; (b) concentration-area model (C–A), log–log plot for expected
value model; (c) classified expected value model; (d) prediction area (P–A) plot for the classified
expected value model.
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3. Results and Discussion
3.1. Elaborated Model Assessment
The efficiency of the geometric average and expected value models is calculated
using the location of 32 known wells occurring in the Akka basin. They were used as
a testing point in the prediction area (P–A) graph; the value of the two models must be
discretized [21]. For this reason, the fractal methods were applied by numerous geoscientific
to define the threshold value for the classification of the models [75–77]. Different types
of fractal models such as spectrum–area (S–A) [78], number–size (N–S) [79], density–
area (D–A) [80], and concentration–volume (C–V) [81] were successfully used by several
researchers. In this study, the concentration area (C–A) proposed by Cheng et al. [82] was
applied (Figures 5b and 6b). Consequently, five classes resulting from the two models
were obtained (Figures 5c and 6c). Based on the classified maps (Figures 5c and 6c), the
P–A graph is plotted to show the prediction rate and the occupied surface of each class,
according to the corresponding threshold values [22] (Figures 5d and 6d). The parameters
of the intersection point in the P–A graph are a criterion to assess the two models, the
geometric average and expected value models, and allow computing the normalized
density (Nd ) and its weight (We ) [21,22]. Nd is computed as the prediction rate divided by
the corresponding occupied area extracted from the intersection point of the P–A graph
and We are calculated considering the ln of Nd [30,83]. A model with an Nd > 1 and We > 0
is considered a satisfying result for a hydrogeological prospection [83].
From the P–A graph (Figures 5d and 6d, Table 1), the prediction rate of the geometric
average model is 49%, while the prediction rate of the expected value model is 65% in the
Akka basin. Consequently, Nd and We for the expected value model are greater than those
of the geometric average model, 1.86 > 0.96 and 0.62 > −0.04 (Figures 5d and 6d, Table 1).
Table 1. Extracted prediction rate (Pr ), occupied area (Oa ), normalize density (Nd ), and the weight
(We ) of a different model.
Model

Pr (%)

Oa (%)

Nd

We

Expected value
Geometric average

65
49

35
51

1.86
0.96

0.62
−0.04

3.2. Groundwater Potential Map
Groundwater resource prospection is controlled by the interaction of a set of different
factors related to geological, structural, hydrological geomorphologic, and hydrogeological
conditions of the study area. In the Akka basin, all the factors are generated from a
set of multi-sources of spatial data and presented values at different intervals, which
implies different spaces. The transformation of values using the fuzzy logic function
allows attributing fuzzy scores in a range of [0, 1]. Furthermore, the transformation allows
assessing the importance of the value of the factors in the same space more efficiently.
Consequently, each weighted factor generated in this work can be integrated using logistic
functions. Two models were applied: the geometric average and expected value. In this
study, we proved that at least two models should be compared using two different functions
to select the best model presenting better target areas for further exploitation.
Based on the results presented in Figure 6 and Table 2, the groundwater potential map
of the expected value was classified into five classes: very high, high, moderate, low, and
very low, representing, respectively, 21.78%, 18.47%, 21.27%, 19.98%, and 18.50% of the
total surface of the basin. Contrary to these results, the geometric average model showed
that the very high, high, moderate, low, and very low areas represent, respectively, 4.06%,
6.31%, 18.48%, 57.36%, and 13.79% of the study area (Figure 5c and Table 2).
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Table 2. The distribution of wells and percentage of areas in potential groundwater zones generated
by the geometric average and expected value models.
Class
Very high
High
Moderate
Low
Very low

Expected Value

Geometric Average

Area (Km2 )

Area %

Number of Wells

Area (Km2 )

Area %

Number of Wells

450.15
381.58
439.45
412.95
382.23

21.78
18.47
21.27
19.98
18.50

13
9
3
4
3

83.93
130.36
381.95
1185.25
284.90

4.06
6.31
18.48
57.36
13.79

4
2
2
21
3

Based on the expected value model, the areas of high and very high potential coincide
mainly with regions of low distance from rivers and high permeability, which correspond
to alluvial sediments located along the rivers. They delimit flat lands with a very low
slope suitable for water storage. These areas are the most ideal for groundwater retention.
The geological features available in these areas also suggest a high rate of groundwater
recharge, such as the proximity of lineaments and the density of lineaments and nodes.
However, most areas of very high potentiality are located in the eastern and downstream
parts of the basin. Areas of moderate potentiality are distributed throughout the basin.
Due to the high values of TWI related to very high slopes and the very important distance
from the rivers, this area presents a low and very low potentiality, located in the central
and northwestern part of the basin.
The analysis of the geometric average approach showed that the areas of the eastern,
southeastern, and northeastern parts are determined as high- and very-high-potential areas.
It was noted that these areas correlate well with the high density of lineaments and nodes,
gentle slope, and proximity to rivers and lineaments. The presence of high-permeability
formations supported this. The areas of low and very low potentiality, located in the central
and northwestern part of the basin, can be attributed to unfavorable geological (the low
value of the density of lineaments and nodes) and topographic (the high slope and low
value of TWI) conditions.
The results show that the prediction rate of the well occurrence using the expected
value function is higher than that using the geometric average model (Figures 5d and 6d).
The Nd computed for the expected value model is 1.86 (Table 1), far greater than that of the
geometric average model (0.96). This comparison shows that the expected value is the best
model for the target area, presenting a high groundwater potential.
Naef et al. [84] have shown that each model uses a different numerical technique to
approximate the governing equations, leading to considerable uncertainty in comparing
results [85,86]. The fuzzy logic function is used to transform different ranges of values of
various factors in the same space. It is therefore assumed that all factor maps have the
same influence regardless of the relevance of each factor. The expected value model allows
to respect for the relative importance of the different maps; it uses a function based on
the weighted average, which mathematically treats uncertainty and probability [71,73].
Each factor value (here, ILD , IND , IDD , IDFR , IDFL , IP , IS , ITWI , IPL , IPR ) is multiplied by its
probability of occurrence (here, fuzzy score) and then divided by the sum of the probabilities
(here, fuzzy scores) [21]. The geometric average model, on the other hand, uses only the
transformed factors in the fuzzy logic, with no respect to the respective weight of those
factors, thus affecting the model’s result compared to the expected value model.
3.3. Validation of Model
Validation of the groundwater potential map is an essential step in predictive modeling.
Therefore, the validation dataset must be independent of the training dataset. For this
purpose, a total of 32 wells were superimposed on the maps of the two models. The spatial
relationship establishes between the well location and the final maps (Figures 5c and 6c,
Table 2) indicates that over the 32 known well occurrences, about 22 and 6 wells coincide
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with high- and very-high-potential areas produced by the expected value model and
geometric average model, respectively. Very few wells (7 wells) were located in the verylow- and low-potential area by the expected value model, while 24 wells were identified
by the geometric average model (Table 2). The overall accuracy of the identification of
potential zones by applying the expected value model and geometric average model was
found to be 68.75% and 18.75%, respectively. The perfect projection of high-flow wells on
high potential values in the GP map for the expected value model confirms its reliability.
4. Conclusions
The groundwater potential map for the Akka Basin was generated by applying the two
models: the geometric average and the expected value. Values of each factor influencing
water availability were appropriately weighted in the range of 0 to 1. It allowed the different
factors to be classified and compared in a similar range. New factor maps were made,
which, by applying the fractal model, made it possible to divide the two potentiality maps
into five classes: very high, high, moderate, low, and very low potentiality. The results
show a high contribution of the followed factors: (1) permeability, (2) the proximity of
lineaments and rivers, (3) high density of lineaments and nodes, and (4) low slope.
After generating the two GP models, the locations of known well occurrences in the
study area were used as testing points in a P–A graph to evaluate the results. The prediction
rate of the geometric average model is 49%, while the prediction rate of the expected value
model is 65%. Consequently, Nd (normalized density) and We (weight of Nd ) for the
expected value model are greater than those of the geometric average model, 1.86 > 0.96
and 0.62 > −0.04. The spatial relationship established between the well locations and the
final maps shows that of the 32 known well occurrences, approximately 22 and 6 wells
coincide with high- and very-high-potential areas produced by the expected value model
and the geometric average model, respectively.
This comparison illustrates that target areas with high potentiality values in the
expected value model should have priority for further exploration over the target areas
with high potentiality values in the geometric average model. This work presents a
methodology developed to guide and assist decision-makers and planners in managing
groundwater resources and give a proper status of groundwater in the Akka basin for more
efficient exploitation.
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